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ABSTRACT

Optical flow estimation is one of the popular methods to ob-
tain the depth maps in multi-view stereo due to its high ac-
curacy and robustness. In traditional optical flow estimation,
the energy function contains three assumptions: intensity con-
stancy assumption, gradient constancy assumption, and global
smoothness assumption. In this work, we propose a local
smoothness assumption to constrain the optical flow disparity
in neighboring pixels. We first study the new smoothness term
and its corresponding energy function, and present a practi-
cal iteration approach to minimize the energy function. Later
we apply this new estimation method to the multi-view stereo
system and obtain the depth maps of different image pairs.
Our results demonstrate the good performance of the algo-
rithm in acquiring smoothing surface when comparing to the
traditional methods.

Index Terms— Optical flow estimation, local smoothness
assumption, multi-view stereo.

1. INTRODUCTION

Among all the methods to reconstruct the real-world object,
multi-view stereo draw people’s attention because of its ex-
cellent performance and potential applications in many fields,
including industrial modeling, outdoor scene reconstruction
[17, 27], film industrial [2, 4], 3D television [9, 8, 7] and the
conceptual teleconference. Many efficient algorithms have
been developed to solve this problem. According to the taxon-
omy of Seitz [25], these methods could be categorized into the
following classes: 3D volumetric approaches [20, 26], surface
evolution techniques [10, 24], feature extraction and expan-
sion algorithms [13, 14, 11], and depth map based methods
[3,12,23,22].

Depth map based methods are the most popular methods
due to the top-ranking results they produced on standard eval-
uation tests [1]. Generally these methods have two separate
processing stages: depth map estimation, in which each view
point’s depth map is generated from a binocular stereo, and 3d
points merging, that merges the depth maps into one 3d point
cloud and produces the 3D model. The two-stage pipeline

gives researchers great flexibility in choosing processing ap-
proaches, and the adaptability makes easy transplantation be-
tween different algorithms. In the depth map based methods,
the key factor towards a high quality result is the estimation
of the depth maps of two nearby images. Efforts to attain the
high quality depth map of each view point have been made
by researchers for years, including window based matching
of [3, 12, 23, 6], surface-consistency metric of [28], and pho-
tometric stereo methods [16, 21]. However, these methods,
as well as feature matching [11, 15], endeavor to rectify dis-
torted matching windows or search the possible slanted angles
for accuracy matching because of the distorted matching win-
dows caused by slanted projection of surface patches. Opti-
cal flow estimation through the variational method is another
common-used solution. We choose to acquire the depth map
using this method in our work. Modifications to the energy
function was made while applying the local smoothness as-
sumption we propose.

Traditionally the target energy function of the optical flow
model consists of three parts: an intensity constancy term
concerning brightness consistency, a gradient consistency term
for adjustment to brightness change and a global smoothness
term to smooth the surface. However, it is not easy to find the
balance between preserving the model details and ensuring
the smoothness because of the knotty trade-off. In this paper,
we propose the local smoothness assumption. Different from
the traditional smoothness assumption which consider the dis-
placement of pixels as the same in the adjacent area, the local
smoothness assumption treats small areas on the object’s sur-
face as a plane. This assumption introduces a second spatial
gradient term in the energy function and positively affects the
quality of final reconstructed model (see picture 5). Corre-
sponding details of the assumption are described in Section
2.

The organization of the paper is arranged as follow: In
the next section, the new smoothness assumption and its cor-
responding local smoothness term are introduced. A numer-
ical method which could practically solve the target energy
minimization problem is also described in the next section.
Section 3 discuss the reconstruction pipeline and mainly fo-
cus on the normalized-cross correlation method used in 3d
point cloud merging. Compared with results using tradition-
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ally optical flow methods, the experimental results are given
in Section 4.

2. DEPTH ESTIMATION WITH LOCAL
SMOOTHNESS ASSUMPTION

2.1. Traditionally Variational Model

Before introducing the smoothness assumption, we studied
the variational model used for common optical flow estima-
tion. The old model includes three assumptions to constrain
the target energy function.

Intensity constancy assumption. The assumption as-
sumes the matching pixels in different image views share the
same brightness, and will not be changed by displacement
[18]. The mathematical expression is described as follow:

I(x,y,t) = I(x +u,y +v,t +1) )

Where I denotes the brightness of image pixels, and vector
w = (u,v,1) represents the displacement between image at
time ¢ and image at time ¢ + 1.

Gradient constancy assumption. The gradient constancy
assumption regulates the brightness consistency in different
images, however, do not take the changes of light condition
into consideration. The gradient constancy assumption was
introduced to solve this problem. It focuses on the gradient
value of the brightness, which could tolerant slightly bright-
ness change.

VI(z,y,t) =VI(z+u,y+uv,t+1). 2)

Here the spatial gradient is denoted as V = (0, 0,). When
dealing with the translatory motion situation, the gradient con-
stancy assumption is particularly helpful. In contrast, inten-
sity constancy constraint could be better suited for more com-
plicated motion patterns.

Smoothness assumption. The two assumptions mentioned
above only consider about the constraints on individual pixel,
but fail to take the interaction between pixels into considera-
tion. In fact, the surface of real world object satisfy the spatial
continuity. Such condition limits the displacement of neigh-
boring pixels to be less different from each other, which yields
to:

Vu(z,y,t) =0, Vo(x,y,t) =0 3)

2.2. Local Smoothness Assumption

In order to constrain the spatial continuity the spatial deriva-
tives of the displacement are set to be zero. However, this
constraint, focuses on global smoothness rather than local re-
gions, could raise knotty trade-off between smoothness and
details. In this work, we assume the small area on object’s
surface as a plane (See figure 1). This constrain, not a strong
regulation toward neighboring pixel, still holds the function
of smoothing object’s surface.

Local region Planar region

. i 3
\ St '-\IApproximation' i

; _\\. o U =
f/j ‘.\\- -- " \\ >,,J)—> Pe

Fig. 1. Schematic of local smoothness assumption. A small
region on the object’s surface is considered as a planar region
in order to achieve the local smoothness.

Suppose P is one point in plane S, then P could be ex-
pressed as P = \a + ,u3, where a, b are two base vectors
of plane S, and A, i are two arbitrary constants. We define
the projection points of point P in the neighboring cameras
as p; and p,.. p; and p,- could be calculated for the calibrated
cameras:

p = PorP = Pop(Aa+ pb)

pr = PcrP = Por(Aa + pb)

Here, Poy, and Pop refer to the Projection matrix of the

left camera and the right camera. The disparity of the two pix-

els could be calculated: D = (Pci— Per)(Aa+ub). Dispar-

ity in this case is a linear function of its position (A, 1), which

leads to the following constraint on the pixel’s displacement
between two images:

“4)

Viu =0,V =0. (5)

This constraint could result in second derivative term in
the target energy function from the simple linear transforma-



tion. Compared to the first order derivative term caused by
the traditional smoothness assumption, the second derivative
term focus more on the local area of the pixel, which could be
used as fine adjustment between smoothness and details.

2.3. Target Energy Function

According to the intensity constancy assumption, gradient con-
stancy assumption, smoothness assumption and local smooth-

ness assumption, the target energy function could be expressed
from a linear combination of these four constraints. The ad-

justed energy function is:

E(W) = EDat(L (w) + aESmooth (w) (6)
where

Epata(w) = / op(I1(p + dw)) — L(p)?
+ 9|V (p+ d(w)) — VI (p)|*)dzdy

@)

and
ESmooth(w) == / ¢S(|VW|2 +B|V2W|2)dmdy

- / b5(|Vul? + |Tuf? ®
+ B(|V2ul* + |[VZ0]?))dxdy

Here I, and I; refer to the reference image and target
image, respectively. The data term contains two parts: the
first part assumes the brightness consistency in each view
point and the second part ensures the spatial gradient con-
sistency. The introduction of gradient term VI makes the
approach more robust to varying illumination and better pre-
serves the edge of the object. Since some defeats such as
noises, brightness changes and occlusions always make the
data constraint inaccurate, two adjusted smoothness terms are
introduced. Used to penalize the total variation of the flow
field, the first smoothness term focuses on displacement con-

sistency of nearby pixels. The second term focus on the smooth-

ness of local areas.

To now the problem of finding the variables u, v that min-
imize the target variational energy function can be converted
to the minimization of Euler-Lagrange equation. For simplic-
ity in later explanation, we use the following abbreviations:

(€))

The corresponding Euler-Lagrange equation of the energy

function could be expressed as:

Op(I2 +Y(I2, + )Ly +yoeTuw + vy 1uy)

— adiv(og((|Vul? + |V + [V2ul? + |[V?0[*)Vu)) = 0
(10)

d)/D(Ig + 7(112;z + Iiz))(lzla + ’YIszxw + 'Ylyzl;cy)
— adiv(pg((|Vul? + |Vo|? + | V2ul? + [V20[*) Vo)) = 0
(11)

2.4. Numerical Method

Like other multi-view stereo works that pixel matching is con-
ducted under the epipolar constraint, the minimization only
concerns about the points on the epipolar line. Using this
constraint, we could reduce the searching space from 2D to
1D, which greatly reduces the computational cost and total
running time.

The Euler-Lagrange is a nonlinear equation for the vari-
ables w(z,y) = (u(z,y),v(x,y)), and the work of minimiz-
ing the energy function is one of the most important and time
consuming step in the processing pipeline. In order to fit the
minimization into a linear approach, we use a practical iter-
ation method to reduce the nonlinear minimization problem
to a linear minimization problem, which has been surveyed
in detail in Thomas’s work [5]. The fixed point iteration is
divided into an outer iteration and an inner iteration, which
deal with the nonlinearity in updated w and function (b,, re-
spectively.

A coarse-to-fined strategy is also applied in the minimiza-
tion process. Here an arbitrary down-sampling factor of the
pyramid structure 7 is set between zero and one. The multiple
starting scales (MSS) framework is used as the initialization
of the whole pyramid algorithm, and the outcome depth map
of each pyramid level will be used as the initial condition of
pixel matching in next level.

3. POINT CLOUD SYNTHESIS

Due to noises, brightness changes and other factors that would
affect the depth map, the 3D point cloud combined from depth
maps must be refined before meshing. Normalized cross cor-
relation (NCC) filter and other constraints are introduced in
our work to remove the outlier. The refined 3D point cloud is
then meshed using Poisson reconstruction algorithm. Figure
2 illustrate the whole processing pipeline.
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Fig. 2. Processing pipeline of our work. In the first step, depth
maps are calculated through optical flow estimation. Later
depth maps from different view point are synthesized to a 3D
point cloud and then meshed to a watertight stereo.

3.1. Normalized Cross Correlation

To describe the fidelity of specific depth map candidates, we
calculate the NCC value between the corresponding patch of
a 3D point in different images. In this case, NCC indicates
higher reliability while its value is closer to 1. NCC matching
in image space could be defined as follow:

NCC(pi,s) =
SN (g — 1) - (fulng) — fo(n) (12)
VEX (g — 02/ (fulny) — fu(n)?

n; refers to local region of size NV X N in the target image,
p; is the pixel in the primary view and s is the index of depth
map. Generally we only select the biggest NCC value in all
depth map candidates as the NCC value of pixel p;.

3.2. Refinement and Poisson Reconstruction

To remove the outliers in 3D point cloud so as to improve
the accuracy of the final point cloud, we regard points with
neighbor number less than 0.5n as outliers. Here n is the av-
erage neighbor number. The normals of the points are also

used as a constraint: only points whose angle between nor-
mals and view-vector are larger than 45 degree are retained.
Visual hull constraint is then employed again to remove those
obvious points outside the model. Figure 3 shows the result
of 3D point merging and refinement.

(@) (b) ()

Fig. 3. The raw depth map is shown in picture (a). Picture
(b) are the point cloud filtered through NCC filter. Picture (c)
show the final point cloud used for meshing.

Finally, the point cloud is meshed through Poisson surface
reconstruction technique [19] to obtain a watertight model.
The final model bears the robustness to both noise and non-
uniform sampling rate.

4. EXPERIMENTAL RESULTS

4.1. Implementation

Figure 4 shows the reconstruction results of dinoSparseRing
and templeSparseRing from Middlebury dataset [1]. In the
experiment we test the dinoSparseRing and templeSparseR-
ing datasets. The main parameters used in the experiment are
listed in table 1. For comparison, we set the weight value 3
as zero to represent the situation of traditionally optical flow
estimation method. The pyramid level used in both models is
15.

Table 1. Main parameters used in the experiments

Parameters Value
Smooth Parameter o 10
Weight Factor «y 90
Local Smoothness Parameter (3 1
Outer Fixed Point Iteration
Outer Fixed Point Iteration 5
Inner Fixed Point Iteration 2
SOR Iteration 10
Down-sampling Factor 0.9

The main computational time is spent on the step of opti-
cal flow estimation which is greatly related to the resolution



of the images. Middlebury datasets have a low resolution of
640 x 480, and this make the computation time satisfactory
for model reconstruction. The whole processing time of our
algorithm is about 25 minutes.

(a) (b)

Fig. 4. Reconstruction results of dinoSparseRing and tem-
pleSparseRing from Middlebury College’s dataset

4.2. Reconstruction Results and Comparison

Figure 5 (a) shows the reconstruction model using tradition-
ally optical flow estimation algorithm. Figure 5 (b) is the re-
sult of our algorithm with 5 = 1. Green circle regions shows
the refined surface while the region of red circles represent the
coarse surface reconstructed from traditional method. Figures
5 (c) and (d) are the reverse sides of (a) and (b) respectively.

The results of our algorithm show the good performance
in surface smoothing. With the augmentation of (3, the sur-
face of the object become smoother. When pyramid level,
smoothness parameter « and 3 are set as 15, 10, and 1.0,
the algorithm produces a good reconstruction model. In our
experiment, the value of 3 between 1 to 3 produces better re-
constructed model than other value. However, as the case in
previous energy function that trade off could be aroused by
smoothness term, setting a larger 3 to the local smoothness
term would cause over smoothness. Local smoothness term
could be used as a fine adjustment variable combined with the
traditional smoothness term.

5. CONCLUSION

We propose the local smoothness assumption while estimat-
ing the optical flow between two nearby cameras, and ap-
ply the new algorithm to multi-view stereo. The assumption
shows its good performance in smoothing object’s surface
when combining with the traditional smoothness assumption.
However, due to over smoothing, the local smoothness pa-
rameter should be chosen appropriately. There are rooms for

Fig. 5. Influence of local smoothness term on experimental
result. Picture (al) and (b1) denote the traditional reconstruc-
tion model, while (a2) and (b2) are the results from new algo-
rithm with local smoothness term.

improving the performance of our algorithm in future works.
Like many top-ranking reconstruction results in Middlebury
dataset which use optical flow estimation methods, we could
refine our reconstruction result through parameter adjustment.
Meanwhile, the simple merging strategy in our processing
procedure could be improved for a high quality 3D point cloud,
and high-quality surface refinement technique could be ap-
plied to the reconstruction pipeline.
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